Abstract are uncorrelated to one another, and consequently the I/O arrival process can be modeled as independently and idenObtaining representative and concise I/O workloads for tically distributed (IID) [27] , such as the Poisson process. the purpose ofprojecting the performance of storage sysIn other environments, there are strong correlations in I/O tems remains a challenge due to the complex nature ofI/O inter-arrival times, and many researchers found that I/O behaviors. Previous studies have shown that disk I/O trafactivities in these workloads appear to be evidently selffic can be represented as an independent and identically similar [8, 9, 26] . Therefore, a versatile disk I/O workload distributed random process in some workloads and a selfmodel is needed to accurately synthesize the disk workload similar process in others. Additionally, workloads in the in both environments. presence of self-similarity can exhibit either Gaussian or For I/O workloads with the presence of self-similarity, non-Gaussian characteristics. This paper proposes a new I/O burstiness is almost ubiquitous over their lifetime span. and generic model based on the a-stable process to accuHowever, I/O burstiness in some workloads appears to be rately build a synthetic workload representative ofI/O trafGaussian, while I/O burstiness in some other workloads fic in production storage systems. The novelty of this new appears to be non-Gaussian. If the distinction between model is that it has the capability of characterizing both the Gaussian and non-Gaussian property is ignored in the self-similar Gaussian and non-Gaussian workloads. Exsynthesizing of workloads, it is difficult to truthfully and perimental results show that this model can accurately capaccurately represent the real degree of I/O burstiness in ture the complex I/O behaviors of real storage systems and real workloads, thus causing potential mis-prediction of more faithful than conventional models, particularly the workloads. Therefore, a good model for I/O workload burstiness and heavy-tail characteristics under the Gauswith self-similarity should not only be able to charactersian and non-Gaussian workloads.
Introduction quirement.
Particularly, this paper analyzes the search engine I/O Modeling I/O workloads accurately is one of the most trace collected in 2002 [3] and three typical disk I/O traces fundamental aspects of performance evaluation in storage (tpc-d, cello96, cello99) collected in different environments systems. However, I/O burstiness in workloads in producby HP Laboratories [1] . We examine the correlations of tion systems imposes significant challenges to this modelinter-arrival times in every workload, and study the Gausing process, thus making it difficult to accurately predict sian property of self-similar workload. Through distribuand effectively overcome the I/O performance bottleneck tion matching we find that I/O arrivals in each workload bebrought by I/O burstiness.
long to the a-stable distribution. An I/O workload model Previous studies on traces collected in production envibased on the a-stable process is then presented. To the ronments have shown a complex variety of I/O behaviors. best of our knowledge, little research work has been done In some environments, I/O inter-arrival times of requests on this topic. This paper takes a first step toward using 978-1 -4244-281 8-2/08/$25.00 ©C2008 IEEE an I/O workload model based on the a-stable process to synthetic I/O requests that emulate the behaviors of actual synthesize I/O workloads. This paper makes the following workloads [4] . The second approach allows us to flexibly conclusions. study the effects of some workload parameters [12] . Prior works in the literature have shown that the data 1. Through studying the auto-correlation functions of traffic burstiness in many workloads exhibits the property each workload, we find that I/O arrivals are largely of self-similarity, such as the multimedia traffic [19] , Ethuncorrelated in tpc-d and search engine I/O, but sigernet [13] and web [5] traffic. Various self-similar models nificantly corrected in both cello96 and cello99.
have been proposed to emulate the burstiness, but they all 2. For those workloads with self-similarity, the Gaussian have limitations. For example, FARIMA [7] [12, 16, 22] is easy to construct and cello99 is non-Gaussian. Thus it iS important to se-' lect a traffic model capable of characterizing both the can model the self-similarity under the Gaussian condition.
However, the FBM model cannot represent both the longGaussian and non-Gaussian property in order to accurange and short-range dependence simultaneously.
rately synthesize workload and obtain unbiased perTo ate thebustnessi stageosys formance evaluation.
To emulate the burstiness in storage systems, models that aggregate multiple ON/OFF sources have been pro-3. By using Quantile-Quantile plot and Probabilityposed [8] [9] [10] . Specifically, Gomez et al. [8, 9] demonstrate Probability plot, we find that I/O arrivals in all workthat disk-level I/O requests are self-similar in nature, and loads studied in this paper follow the a-stable disperform a structural modeling showing that the self-similar tribution. In addition, we quantify the parameters behavior can be explained by combining two different apof the provided a-stable process by the maximumproaches: an ON/OFF source model and Cox's model [18] .
likelihood estimate.
Gribble et al. [10] find that sources of short-term file system traces exhibit ON/OFF behavior and proposes a simple 4. Based on the observation of the a-stable process, technique for synthesizing a stream of events that exhibit this paper develops an a-stable disk I/O workload the same self-similar short-term behaviors as was observed model that can not only clearly represent the longin the file system traces. The ON/OFF model is easy to conrange dependence in self-similar disk traffics, but also struct, and its parameters have physical meanings. Howaccurately synthesize I/O workload with short-range ever, the ON/OFF model only adapts to synthesize particdependence. This model is a powerful and versaular classes of traffic and constructing the model often retile stochastic tool to generate synthetic I/O workquires significant computational effort [26] .
load in which I/O arrivals can be either independent Wang et al. [25] proposed a two-dimensional model that identically distributed, Gaussian self-similar, and noncharacterizes both the temporal and spatial behaviors of Gaussian self-similar. Our experimental results show data accesses. In addition, by using the joint entropy of that this model is accurate and more faithful than conthe two-dimensional disk request arrival events (time and ventional models. [24] . The other is to use with a focus on precisely emulating the burstiness that is often observed in real systems. Our model is flexible to (lag=2000). As shown in Fig. l(b 3. Why The a-stable Process?
Burstiness in disk I/O arrivals exists prevalently at all Prior studies have concluded that the cello workloads time scales [8] . And one of the main characteristics in are self-similar in nature [8,9, 1 1 ]. In self-similar I/O workthe a-stable process is its ability to represent precisely the loads, there are long-range dependence and heavy-tail disburstiness in stochastic phenomenon. That directly motitribution characteristics, both of which render the variance vates us to develop a new model based on the a-stable proof I/O arrival stochastic process infinite. In addition, the cess.
maximum of I/O inter-arrival times in clients' requests apThis section studies the auto-correlation functions proaches infinity theoretically, which also makes the vari-(ACF) of inter-arrival times [6, 27] , and shows the correance unbounded. According to the generalized central limit lations of I/O inter-arrival times in search engine I/O, tpc-d theorem (GCLT), the normalized aggregation of infinitely and cello workloads. ACF is a widely-used mathematical independent and identically distributed sources with infitool to study the correlations, i.e., measure if earlier values nite variance converges to a family of a-stable marginal in a time sequence X = {Xi 1, ... ,N} have some reladistributions if its marginal distributions converge. Consetion to later values. The correlation coefficient at lag k is quently, using the a-stable process to model disk I/O workdefined as loads becomes a nature choice. N-k For the self-similar cello traces, by using the normal ck N K L (Xi-) (Xi+k-X) (1) quantile plots (QQ plots) to measure the Gaussian prop__l erty [22] , as shown in Fig. 2 , we find that cello96 is Gauswhere X is the expectation of the time series X. Then the sian and cello99 is non-Gaussian. In Fig. 2(a) , all of the ACF(k), with a lag of k is scatter points corresponding to an I/O arrival event given ck in the traces evidently follow a straight line, indicating that In summary, the a-stable process has a solid theoreti-(LFSN). The LFSN process can be expressed in a discrete cal basis for synthesizing disk I/O workloads. This motives domain, which makes it one of the most common matheus to explore the a-stable process in I/O modeling, with matical modeling tools [23] . an aim to improve our understanding of disk I/O burstiness Due to the fact that realistic modeling exists usually in characteristics and design a better synthetic trace generatdiscrete states, the LFSN process expression in continuous ing tool for performance evaluation of storage systems.
states above needs to be transformed to a discrete expression, replacing the integral with a sum function. After that we will use real I/O traces to examine whether subtraces, with each one lasting one hour. We compute the real trace data follow the a-stable distribution.
number of I/O arrivals per second. For each workload, we randomly select three or five data sets.
Examination of a-stable Distribution
First, the maximum-likelihood estimation method is used to estimate the parameter values of the a-stable distribution provided for these 18 data sets. In Table 1 In order to examine the matching degree between the ac stable distribution is consistent with the real data disstable distribution and real data, the QQ plots of the given tribution. In addition, we have also used the quantile data set and a-stable distribution are illustrated in Fig. 3 method and the sample characteristic function instead of
As shown in Fig. 3 , the X-axis shows the quantile value of the maximum-likelihood estimation, to perform all experithe hypothetical a-stable distribution, and the Y-axis dements conducted above. The results are consistent with the notes the quantile value of the given data set. Fig. 3(a) Fig. 3(c) , which is induced by the accumulative effect corresponding to the data sets needed to be measured. And brought by the heavy-tail distribution, the relevantI/O workload can be synthesized correspondIn order to overcome the limitations of QQ plot, PP ing to the data sets based on the constructed model. Then (Probability-Probability) plot [14] is deployed. As shown we are able to synthesize the I/O workload using the ain Fig. 4 , the X-axis shows the probability point of the hystable workload model. pothetical a-stable distribution, and the Y-axis denotes the The algorithm for synthesizing workload by the aprobability point of the given data set. Instead of the quanstable disk I/O workload model is given below. tile points in QQ plot by the probability point, PP plot is able to avoid the accumulative effect brought by the heavy-ALPHA-STABLE-SYNTHETIC-TRACE-GENERATION tail distribution. In Fig. 4 Set the initial value of v and 8, and obtain {IOs(i) i 1,2,... n n} using Equation (5) more stable and resilient to abnormal data than the convenend for tional average of samples expectation such as the arithmetic mean.
The trimmed mean of errors are illustrated in Table 2 In order to check the effect of disk I/O workload model and Table  3 , for cello99, the trimmed mean of error between the real workload and the a-stable synthetic workload is minimum. And for some of the data sets in cello96, the trimmed mean 6.1. Analysis of Errors of error between the real workload and the a-stable synthetic workload is minimum or close to minimum, e.g., the According to the 18 data sets in Table 1 , we use the 9th, 11th and 12th data sets. In addition, the trimmed mean proposed model and conventional models to synthesize the of error for the a-stable synthetic workload corresponding various workloads one by one. Because a badly skewed dato the 13th data set is close to the maximum, especially the tum in a data set can potentially render the mean of the set trimmed mean of error for the a-stable synthetic workload arbitrarily skewed from the centers of the remaining data corresponding to the 10th data set. However, either for the in the set, the trimmed mean [14] is used to evaluate the 13th data set or the 10th data set, the error is only slightly matching degrees between each real workload and the corlarger than the corresponding minimum error. Especially responding synthetic workloads. The trimmed mean of a for the 10th data set, the trimmed mean of error for the adata set is the arithmetic mean after trimming a small porstable synthetic workload is larger than others, but only by tion off each of the two ends of the sample data, making it a margin of 3.85 over the minimum error, indicating that Fig. 5 and Fig. 6 , the X-axis shows the I/O arcello96 and cello99, the trimmed means of errors between rival numbers per second (thereinto, the X-axis in Fig. 6(b) the real data set and the synthesized workload through the shows the logscale), and the Y-axis denotes the percentage ON/OFF model are 20.04, and 5.6, respectively, and the of the number of I/O arrivals. A point (x;y) in the cumulatrimmed means of errors between the real data set and the tive distribution curve indicates that y% of arrival rates are synthesized workload through our proposed model is 18, less than or equal to an arrival rate of x. and 0.41, respectively. Accordingly, our proposed model As can be seen from Fig. 5 ers, as shown in Fig. 7(a) . This result indicates that the and provide the theoretical basis to predict I/O workloads, arrivals series in some nodes are independently and identithus facilitating and guiding possible design optimizations, cally distributed but not in all nodes. Thus it is reasonable such as resource distribution and bottleneck identification to doubt the rationality of using the Markov model to model
